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Abstract: Because conservation planners typically lack data on where species occur, 13 
environmental surrogates – including geophysical settings and climate types – have been used to 14 
prioritize sites within a planning area. We reviewed 622 evaluations of the effectiveness of 15 
abiotic surrogates in representing species in 19 study areas. Sites selected using abiotic 16 
surrogates represented more species than an equal number of randomly selected sites in 43% of 17 
tests (55% for plants) and on average improved on random selection of sites by about 8% (21% 18 
for plants). Environmental diversity (ED) (42% median improvement on random selection) and 19 
biotically informed clusters showed promising results and merit additional testing. We suggest 4 20 
ways to improve performance of abiotic surrogates. First, analysts should consider a broad 21 
spectrum of candidate variables to define surrogates, including rarely used variables related to 22 
geographic separation, distance from coast, hydrology, and within-site abiotic diversity. Second, 23 
abiotic surrogates should be defined at fine thematic resolution. Third, sites (the landscape units 24 
prioritized within a planning area) should be small enough to ensure that surrogates reflect 25 
species’ environments and to produce prioritizations that match the spatial resolution of 26 
conservation decisions. Fourth, if species inventories are available for some planning units, 27 
planners should define surrogates based on the abiotic variables that most influence species 28 
turnover in the planning area. Although species inventories increase the cost of using abiotic 29 
surrogates, a modest number of inventories could provide the data needed to select variables and 30 
evaluate surrogates. Additional tests of non-climate abiotic surrogates are needed to evaluate the 31 
utility of conserving nature’s stage as a strategy for conservation planning in the face of climate 32 
change. 33 
34 
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Introduction 39 
Because conservation planners typically lack data on where species occur, surrogates are often 40 
used to prioritize sites for conservation. One class of surrogates – geophysical surrogates defined 41 
by enduring features such as elevation, insolation, and soil properties – has been proposed to 42 
prioritize sites in the face of climate change (Hunter et al. 1988). We refer to this coarse-filter 43 
strategy as conserving nature’s stage. The idea is that sites that collectively represent 44 
geodiversity should also represent many biodiversity targets regardless of climate. 45 
To test this idea, we set out to review studies testing how well geodiversity (non-climate 46 
surrogates) represented species.  We expanded our review to consider all types of abiotic 47 
surrogates because surrogates were defined partially by climate variables in 12 of the 14 studies 48 
we found.  To the extent that climate diversity in a planning area is related to enduring 49 
geographic features (e.g., elevation, aspect, cold air pooling, location with respect to prevailing 50 
winds), such climate diversity is a function of geodiversity, and sites with high climate diversity 51 
today should have high climate diversity in the future. Thus, all 14 studies reflect the influence of 52 
geodiversity, although not as directly as we would have preferred. 53 
Abiotic conditions are associated with species richness and species turnover (Lawler et al. 54 
2015 (Lawler et al. 2015). However, such findings do not prove that sites selected to represent 55 
diversity in those conditions can be used as abiotic surrogates to represent species. For example, 56 
Shokri and Gladstone (2013) reported that although their (biotic) surrogates were strongly 57 
associated with species turnover, the surrogates did not identify sites that represented species 58 
efficiently. Thus although congruence between abiotic variables and species turnover justifies 59 
attempts to develop surrogates, eventually surrogates must be evaluated by selection-based tests. 60 
A selection-based test uses a site prioritization algorithm (Pressey et al. 1993, Margules & 61 
Pressey 2000) to select complementary sites that represent the surrogates, and then evaluates 62 
how well these sites represent species. 63 
Although dozens of studies have evaluated cross-taxon and biotic surrogates (Rodrigues & 64 
Brooks 2007, Lewandowski et al. 2010, Mellin et al. 2011), fewer studies have evaluated abiotic 65 
surrogates. Rodrigues and Brooks (2007) reported that cross-taxon and biotic surrogates (36 66 
studies, 419 tests) outperformed abiotic surrogates (4 studies, 163 tests). Here we present the first 67 
review to focus solely on abiotic surrogates. Our goals were to evaluate how well sites prioritized 68 
to represent abiotic surrogates also represented species, identify conditions under which abiotic 69 
surrogates are effective, and suggest how to devise more effective abiotic surrogates. 70 
We summarized evidence from all available studies that quantified how well sites prioritized 71 
to represent abiotic surrogates also represented species. In addition, we investigated whether 72 
surrogate performance was affected by 4 factors:  choice of abiotic variables; statistical 73 
procedure used to define multivariate abiotic space; thematic resolution (degree to which fine 74 
gradations of abiotic variables are recognized); and size of sites (units of selection within the 75 
study area). We expected surrogate success would increase if the surrogate was defined using 76 
abiotic variables associated with species turnover and surrogate performance to be worst for 77 
statistical procedures that used arbitrary bins and ignored within-bin and between-bin 78 
heterogeneity. We expected surrogate performance to increase with thematic resolution up to an 79 
asymptote of diminishing marginal improvement. We expected that as sites become larger, the 80 
values of abiotic variables in the site might not reflect the abiotic conditions experienced by 81 
species in the site and thus lead to poor surrogate performance. Finally, in light of the evidence 82 
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related to these questions, we devised recommendations on how conservation biologists should 83 
conduct future surrogacy tests and use abiotic surrogates in systematic conservation planning. 84 
Methods 85 
In January 2014, we searched Google Scholar and Web of Science for publications that included 86 
the terms “surroga*” AND “conservation.” We retained studies that selected a subset or subsets 87 
of sites (planning units) to represent abiotic diversity (the surrogate) and evaluated surrogate 88 
performance with species accumulation index (SAI) or correlation of irreplaceability scores 89 
(CIS). The SAI (Ferrier & Watson 1997, Rodrigues & Brooks 2007) starts with a set of sites 90 
(planning units), each of which has been surveyed for species within a broad taxonomic group. 91 
Sites are selected to represent the surrogates, ignoring the survey data. Then the survey data are 92 
consulted to calculate the number of species represented in the selected sites, plotting the species 93 
represented against number of sites selected as a species accumulation curve. This curve is 94 
compared with a random curve derived by selecting the same number of randomly selected sites 95 
and to an optimum curve derived by using the survey data to select sites that maximize the 96 
cumulative number of species represented. The SAI is (S-R)/(O-R), where S is area under the 97 
surrogate curve, R is area under the random curve, and O is area under the optimum curve (Fig. 98 
1). CIS (Pressey et al. 1994) is the Spearman correlation coefficient (R2) between planning unit 99 
ranks (irreplaceability scores) for representing surrogate diversity and the ranks of the same units 100 
for representing species. 101 
We extracted SAI values based on the full species accumulation curves (Fig. 1) when 102 
possible. For studies that reported target representation only for specific fractions of the 103 
landscape, we selected the point estimate of SAI at 15% of sites selected, or at the proportion 104 
closest to 15% (Fig. 1). If a study did not report the optimum, we assumed the optimum was 105 
100% for all landscape fractions > 15%. This was reasonable because most of the reported 106 
optimum values were well over 90%. In cases where the unknown optimum was < 100%, our use 107 
of 100% yielded a low (conservative) estimate of SAI. Following Rodrigues and Brooks (2007), 108 
we considered an SAI test to have a positive (better than random) result when SAI > 0.10, a 109 
negative result when SAI < -0.10, and otherwise a null result (approximately the same as 110 
random).  Several papers reported variants of SAI. We converted these to SAI values as 111 
described in Supporting Information. 112 
For tests reporting CIS, we considered a surrogacy test to have a positive result when R2 > 113 
0.30 and a negative result when R2 < -0.30 because absolute values of most CIS scores were < 114 
0.20, and the largest value was 0.47. 115 
Several studies measured effectiveness as the investigator systematically varied the size of 116 
planning units, number or types of abiotic variables used to define diversity, the selection 117 
algorithm, or some other factor (Table 1: last column). We report the main patterns within and 118 
across studies. 119 
Results 120 
We identified 14 studies that addressed effectiveness of abiotic surrogates in 19 study areas and 121 
reported 622 tests of abiotic surrogates (Table 1). Over one- third of the 622 tests were from 122 
northeastern New South Wales, Australia. Of the 19 study areas, 12 were in temperate zones, 6 123 
were in tropical zones, and 1 spanned temperate and arctic zones; 15, 3, and 1 study areas were 124 
in terrestrial, marine, and freshwater systems respectively. The size of the study region varied 125 
from 418 km2 to 21 million km2. 126 
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Of the 622 tests of abiotic surrogates, surrogates performed better than random in 265 cases 127 
(43%), about the same as random in 266 cases (43%), and worse than random in 91 cases (15%) 128 
(Table 1). Although positive results outnumbered negative results, positive results did not exceed 129 
50% in any realm (terrestrial, marine, freshwater). The proportion of positive surrogacy tests 130 
exceeded 50% only for plants (91 positive, 72 null, 3 negative), vegetation types (3, 0, and 0 131 
respectively), and studies that combined results for vertebrates and plants (6, 5, and 0) (Table 2). 132 
Neither SAI nor the proportion of positive surrogacy tests varied with size of study area. 133 
Of 330 tests for which SAI could be calculated, the median SAI was 0.08 (interquartile range 134 
-0.08 to +0.24; 36% of SAI scores < 0), and only 9 SAI values exceeded 0.60.  For 80 SAI tests135 
involving plants, the median SAI was 0.21 (interquartile range 0.14 to 0.27, with only 2 SAI < 0 136 
[2.5%]). One surrogate strategy, the environmental diversity (ED) surrogate implemented by 137 
Beier and Albuquerque (2015) (8 tests) had median SAI 0.42 and interquartile range 0.27 to 138 
0.68; these tests included 3 of the 9 instances of SAI > 0.60. 139 
Effect of Choice of Abiotic Variables and Their Weighting 140 
Abiotic diversity was characterized by 3-39 variables per surrogacy test. Each variable conveyed 141 
one of six types of information, namely climate (12 of 14 studies), topography (12 studies), 142 
energy (seven studies), soil and substrate conditions (10 studies), plant productivity (five 143 
studies), or geographic space (one study that used latitude and longitude). Most studies used 144 
variables conveying 3 or 4 types of abiotic information (Table 1). Only one of 15 terrestrial 145 
studies (Ferrier & Watson 1997) considered hydrological variables (topographic wetness).  146 
Ferrier and Watson (1997) was the only study that examined how increasing the number of 147 
variables affected surrogacy tests. They tested 3 groups of abiotic variables, one with 4 variables, 148 
one with 18 variables, and one with 22 variables. Contrary to their expectation, the surrogates 149 
defined by 4 variables performed better (23 positive, 17 null, 0 negative test results) than the 150 
surrogacy tests with 18 variables (12-45-3) or 22 variables (3-39-6). Ferrier and Watson (1997) 151 
concluded that the first 4 variables (mean annual precipitation, mean rainfall, soil fertility, 152 
ruggedness) were the main drivers of species turnover, such that adding additional variables 153 
produced surrogates that were less related to species turnover than the surrogates using only the 154 
important variables.  155 
Three studies compared performance of biotically-informed surrogates to surrogates using 156 
unweighted variables. To create informed surrogates, species inventories from a subset of sites 157 
were used to optimally select the variables with greatest influence on species turnover, or weight 158 
each variable in proportion to its influence on species turnover. Sutcliffe et al. (2015 [this issue]) 159 
compared  2 sets of 35 multivariate  clusters, one set based on standardized raw abiotic variables, 160 
and a second set in which each variable was nonlinearly transformed to reflect its influence on 161 
species turnover (as determined from a previous study). The mean proportion of 482 marine 162 
species not meeting the target was 20-27% lower when sites were selected using biotically 163 
weighted abiotic clusters compared to sites selected using unweighted clusters. Ferrier & Watson 164 
(1997) found that biotically -informed surrogates represented reptiles and forest trees better (SAI 165 
0.19 for reptiles and 0.30 for trees) than surrogates using unweighted abiotic variables (0.03 and 166 
0.12, respectively). Although Januchowski-Hartley et al. (2011) did not find that biotically 167 
informed surrogates represented fish species better, they suggested that surrogate performance 168 
would have improved if 1 additional biotically important variable (location above or below the 169 
main escarpment in the planning region) had been included. 170 
Effect of Statistical Procedure Used to Define Abiotic Space 171 
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Four methods were used to define abiotic surrogates. The simplest method partitioned each 172 
abiotic variable into several equal-interval bins and treated each univariate bin as a surrogate. 173 
Thus 3 variables each divided into 10 bins would yield 30 surrogates to be represented in a 174 
reserve system. The second method, which we labeled the overlay method, began with 175 
partitioning of each abiotic variable into classes, where the cut points were selected to produce 176 
equal intervals, equal numbers of cases per class, or to reflect ecologically meaningful 177 
thresholds. Then a cross-classification defined multivariate bins, such as “1000-2000 m 178 
elevation, 20-40% slope,” which were used as surrogates. Unlike the first method, these 179 
surrogates reflected all combinations of variable values; 3 variables each divided into 10 bins 180 
would yield 1000 surrogates (i.e., 103). In the third method, multivariate clustering was used to 181 
identify “lumps” in multivariate space; these were then used as surrogates. In the fourth 182 
approach, the environmental diversity (ED) approach, abiotic diversity was characterized without 183 
creating bins (Faith & Walker 1996a). Instead, ED uses a p-median or minisum criterion to select 184 
individual sites that maximize coverage of environmental space (Faith and Walker 1996a, 185 
1996b). Because the ED approach fully samples environmental space, it seems more likely to 186 
sample distributions of all species. 187 
Ferrier and Watson (1997) was the only study that compared 2 or more of the 4 ways of 188 
defining abiotic surrogates. Surrogates defined by overlay procedures performed better (23-17-0) 189 
than surrogates defined by multivariate clusters (14-75-12) or p median (14-53-1).  The authors 190 
believed that overlay performed better because the class boundaries were chosen to reflect 191 
species distribution patterns, whereas the clustering and p-median analyses were biotically 192 
uninformed. Because of differences in study area, target species, thematic resolution, how 193 
effectiveness was calculated, and size of selection units, we could not compare procedures across 194 
studies. For instance, it would be inappropriate to conclude that choice of statistical procedure 195 
(overlay versus ED) was the sole reason why abiotic surrogates performed poorly for Williams et 196 
al. (2012) and well for Beier and Albuquerque (2015). 197 
Effect of Thematic Resolution 198 
Several studies of binning methods compared the impact of increasing thematic resolution 199 
(i.e., the number of bins) on surrogacy tests, controlling for study system. Ferrier and Watson 200 
(1997), Sarkar et al. (2005), Januchowski-Hartley et al. (2011), and Dalleau et al. (2010) each 201 
reported that increasing thematic resolution improved surrogacy outcomes (Table 3).  Hermoso 202 
et al. (2013) reached the same conclusion using synthetic data and demonstrated that the result 203 
was not due to larger areas being selected as thematic resolution increased. Within the 204 
multivariate clustering approach, Trakhtenbrot and Kadmon (2006) found that surrogate 205 
effectiveness varied among 6 clustering algorithms and among 6 ways of weighting variables.  206 
Effect of Size of Selection Units 207 
The smallest selection units (sites) were ~ 0.1 ha (the size of the marine survey plots used by 208 
Dalleau et al. [2010] and van Wynsberge et al. [2012]) and 4 ha (a bit larger than the terrestrial 209 
survey plots used by Ferrier and Watson [1997]). Williams et al. (2012) used the largest sites, 210 
namely polygons averaging 24,000 km2 (range ~103 to106 km2).  Four studies systematically 211 
varied size of sites to estimate the impact on SAI (Table 1). In 2 marine studies (Van Wynsberge 212 
et al. 2012, Dalleau et al. 2010), SAI was higher for ~15-ha sites than for smaller or larger sites, 213 
apparently because the smallest sites failed to reflect the influence of nearby conditions and 214 
because the mean abiotic conditions in larger sizes did not characterize conditions in the small 215 
survey plot at the center of the site. Ferrier and Watson (1997) found that SAIlog did not vary 216 
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between 2 sizes (4 ha, 2500 ha). Sarkar et al. (2005) found no influence of site size (7 sizes 217 
ranging from ~1km2 to ~100 km2) on SAI. 218 
Discussion 219 
Additional studies are needed to answer our primary question of whether abiotic surrogates 220 
can efficiently represent biodiversity. Across all taxa, abiotic surrogates improved on random 221 
selection of sites by only about 8% (median SAI 0.08) and in only 44% of 622 tests. Abiotic 222 
surrogates represented plants and vegetation types relatively well (56% of tests positive; median 223 
SAI 0.20), probably because plants are more closely tied to abiotic conditions than more mobile 224 
organisms. We believe this level of support justifies the cautious use of abiotic surrogates to 225 
represent plants and plant communities. 226 
We agree with Ferrier (2002) that null results (about the same as random) are not necessarily 227 
bad. To the extent that protected areas have been established in locations unsuitable for 228 
economic development and productive environments are under-represented in our reserve 229 
systems (Sanderson & Watson 2015 [this issue]), random selection may be better than some 230 
current practices for selecting protected areas. 231 
Two types of surrogate seem particularly promising. The ED approach as implemented by 232 
Beier and Albuquerque (2015) was 42% as effective as having knowledge of species locations 233 
(median SAI 0.42), and 7 of 8 SAI values were significantly positive. Originally proposed by 234 
Faith and Walker (1996a, b), ED avoids two drawbacks of the alternative methods, all of which 235 
use categorical bins and are therefore unable to select sites on the basis of environmental 236 
differences among bins and environmental differences among sites within bins. We believe ED 237 
performed well because it selects sites to optimally span environmental space without the 238 
arbitrary constraints of binning methods. The biotically informed environmental clusters (i.e., 239 
clusters in which variables were weighted according to their influence on species turnover across 240 
space, as determined in an independent study) used by Sutcliffe et al. (2015) represented species 241 
about 25% better than clusters defined using raw variables.  The paired nature of this study 242 
(biotically informed versus raw variables, holding other factors constant) strongly supports the 243 
inference that using biotic information improved surrogate performance. The fact that biotically 244 
weighted environmental variables explained 84% of the variation in species turnover among 245 
sites, compared with 41% for unweighted variables (Faith &Ferrier 2002), further supports biotic 246 
weighting. Multivariate procedures such as gradient forests (Ellis et al. 2012) can identify the 247 
variables that most affect species turnover.  Weighting variables in terms of their influence on 248 
species turnover requires inventories of some sites in the planning area, which could increase the 249 
cost of biotically informed approaches. 250 
Null or negative tests of abiotic surrogates should always be viewed as provisional because it 251 
might be possible to modify the surrogacy approach to produce more effective surrogates for the 252 
same study area and taxonomic group. For example, ED had appeared to perform poorly in two 253 
tests on vertebrates in Western Europe (Araujo et al. 2001, Hortal et al. 2009). But when Beier 254 
and Albuquerque (2015) made the improvements recommended by Faith (2011), ED achieved 255 
dramatically better results for the same Western European study area and vertebrate groups. In 256 
this regard, evaluation of abiotic surrogates differs from evaluation of cross-taxon surrogates. For 257 
cross-taxon surrogates (e.g., using birds as a surrogate for all species ) the procedures and 258 
variables used to define bird species are not scrutinized and are not part of the evaluation of birds 259 
as a surrogate. Evaluation simply consists of selecting sites to represent birds and evaluating 260 
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incidental representation of other species. In contrast, evaluations of abiotic surrogates are in fact 261 
evaluations of the procedures applied to a particular set of environmental variables to define the 262 
individual surrogate classes that are then targeted for selection (see also Anderson et al. 2015 263 
[this issue]). 264 
This demonstrated improvability of abiotic surrogates justifies continued experimentation 265 
and evaluation. Based on our review, we suggest three practices that should improve abiotic 266 
surrogates. 267 
First, we recommend considering several abiotic variables related to species turnover that 268 
were rarely or never considered in the studies we reviewed. For example, in coastal planning 269 
areas, the distance to the ocean may drive species turnover in cismontane sites (Ackerly et al. 270 
2010), and likewise the position of a stream reach above or below an escarpment may be a 271 
crucial variable governing fish assemblages (Januchowski-Hartley et al. 2011), but these 272 
variables were not used in any test. Similarly, geographic distance is an important driver of 273 
species turnover for less-vagile species (Soininen et al. 2007), but variables related to geographic 274 
separation were used in only 1 of 622 tests. Likewise, few studies used readily available 275 
variables such as topographic wetness, presence of perennial or ephemeral waters, or variables 276 
quantifying within-site variability in topography, despite many studies documenting that these 277 
variables drive species turnover (Lawler et al. 2015).  Using variables known to affect species 278 
turnover to define surrogates is likely to produce better surrogates. 279 
Second, we recommend using fine thematic resolution to define abiotic surrogates because 280 
finer resolution improved results in all 5 studies that systematically varied resolution.  For 281 
example if a conservation planner has a fixed budget and costs of each unit are relatively 282 
uniform, the planner using a multivariate clustering procedure could set the number of bins equal 283 
to the largest number of units within budget, as Bonn and Gaston (2005) did. Alternatively, the 284 
planner could use the ED approach, which has unlimited thematic resolution. 285 
Third, we recommend against using extremely large units of selection. In two studies that 286 
evaluated the influence of site size, SAI was higher for sites of about 15 ha than for larger or 287 
smaller sites. A key assumption of using surrogates is that the values of abiotic variables in a site 288 
reflect conditions experienced by the site’s species. In a large site, the mean slope or mean 289 
insolation (for example) may occur nowhere in the cell such that no species experiences the 290 
mean values.  This problem can be minimized by using small to mid-sized sites, and by using 291 
measures of within-site variability rather than the mean (e.g., Araujo et al. 2001) or the centroid 292 
value (e.g., Williams et al. 2012). A site can be too small if it excludes important environmental 293 
interfaces, e.g., between soil types or topographic features (van Wynsberge et al. 2012) or if site 294 
size is finer than the resolution at which abiotic conditions are mapped. We believe the critical 295 
factor is not so much the size of the selection unit, but how well a polygon of a particular size 296 
captures the physical environment relevant to the species of interest. 297 
Using and Evaluating Abiotic Surrogates in Conservation Planning 298 
The 14 studies we evaluated provided moderate support for the effectiveness of abiotic 299 
surrogates in representing plants, but weak or mixed support for effectiveness representing other 300 
taxonomic groups. The two most promising types of surrogates (ED and biotically informed 301 
clusters) need additional evaluations to fully assess their utility.  We are optimistic that 302 
additional improvements and rigorous testing will soon provide broadly reliable abiotic 303 
surrogates, or, at a minimum, useful guidance on the analytic steps (choice of variables, 304 
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statistical procedures, site sizes) and ecological conditions (climate zones, biotic realms, degree 305 
of human influence) under which abiotic surrogates are reliable. 306 
Until such rigorous testing has occurred, how can a conservation planner responsibly use 307 
abiotic surrogates?  One option is that species inventories in a subset of planning units could be 308 
used to make inferences about which variables influence species turnover (and hence should be 309 
used to define surrogate), or to test effectiveness of the surrogate using SAI. To avoid a circular 310 
test of surrogacy, the data used to select or weight variables should be independent of the data 311 
used to evaluate the surrogate. We suggest that perhaps 50 inventory sites might be needed to 312 
select or weight variables (Osborne & Costello 2004) and perhaps 30 plots might be needed for 313 
evaluation. (van Wynsberge et al. [2012] found that SAI was extremely sensitive to reduction 314 
below 27 evaluation sites.) Although the cost of these inventories would not be trivial, it could be 315 
a reasonable investment if planners are using surrogates to prioritize thousands of sites. 316 
A planner could also use an untested surrogate when the planner is prioritizing sites to 317 
represent well-justified targets (e.g., vegetation types, mapped occurrence of rare species or 318 
assemblages) and wishes to simultaneously increase abiotic heterogeneity. The case studies 319 
presented by Anderson et al. (2015) show that achieving targets for abiotic diversity usually does 320 
not increase in the total area prioritized and does not decrease the achievement of other targets. 321 
Under these circumstances, using abiotic surrogates is a low-cost type of bet hedging.  322 
In the context of using geophysical surrogates as a climate adaptation strategy, more 323 
evaluations of surrogates based on non-climate abiotic variables are needed. Such surrogates 324 
would indirectly favor selection of climate-diverse reserves because some non-climate variables 325 
(e.g., elevation, distance to coast, insolation) are important drivers of local climate (Ackerly et al. 326 
2010, Dobrowski 2011). In addition to improving species representation, abiotic surrogates can 327 
help conservation planners identify areas that will support the processes that generate and 328 
maintain biodiversity such as edaphic interfaces, sand movement corridors, and inter-basin 329 
riverine corridors (Cowling et al. 2003). 330 
The need for inexpensive abiotic surrogates in data-poor regions, and as a climate adaptation 331 
tool in all regions of the globe, should motivate efforts to improve the effectiveness of abiotic 332 
surrogates in coarse-filter conservation planning. We hope our review promotes such efforts. 333 
Finally, we advocate that abiotic surrogates should complement, and not replace, strategies that 334 
aim to represent the current diversity of species and natural land cover types. 335 
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Table 1. Studies that quantified how well abiotic surrogates represented biotic diversity in a reserve-selection framework.a 
Citation 
Realm, 
Climate 
Zone b 
SStudy area 
Size of 
study area 
(km2) 
Number and size of 
sites; units of 
selection  
Outcome of 
surrogacy 
tests
Taxon or feature used 
to evaluate the 
surrogate (separate test 
for each) 
Numbers of each type of 
abiotic variablec Focal covariates
d 
+ 0 -
Araujo et al. 
2001 
terr., temp. W Europe 5,200,000 2089 grid cells; 
2500 km2 
4 2 0 plants, birds, 
mammals, reptiles, 
amphibians, all 
species, endemic 
vertebrates 
1 topographic, 2 energy, 
3 climate 
test taxon 
Beier & 
Albuquerque 
2015 
terr., temp. W Europe 5,200,00 2195 grid cells; 
2500 km2 
4 0 1 amphibians, reptiles, 
birds, mammals, all 
vertebrates 4 topographic, 20 
climate, 8 energy, 5 
productivity  
test taxon (within Europe), 
and study areas (4) 
terr., temp. Arizona 295,000 1317 inventory 
cells; 6 km2 
1 0 0 birds 
terr., temp. Spain 506,000 4301 cells; 100 km2 1 0 0 birds 
terr., trop. Zimbabwe 391,000 360 cells; 625 km2 1 0 0 plants 
Bonn & 
Gaston 2005 
terr., temp. South Africa 
& Lesotho 
1,256,000 1858 grid cells; 676 
km2  
2 2 0 bird presence, bird 
abundance, 
vegetation types (2 
levels of coverage) 
4 topographic, 2 energy, 
8 climate, 3 
productivity 
test taxon 
Dalleau et al. 
2010 
mar., trop. coral reefs of 
Wallis 
Island 
300 41 circles of 5 sizes 
(0.0078 to 0.785 
km2) 
48 0 0 algae, invertebrates, 
commercial fish, all 
fish, corals 
3 topographic (depth, 
slope, landform), 1 geol 
(substrate) 
test taxon, number of 
surrogate classes, size of 
site 
Ferrier & 
Watson 
1997 
terr., temp. NE  New 
South 
Wales 
82,000 198 grid cells; 2 
sizes (25 km2 and 
0.04 km2) 
51 144 13 ants, beetles, spiders, 
reptiles, birds, bats, 
rainforest trees, 
rainforest understory 
plants, open forest 
trees, open forest 
understory plants 
A: 2 climate, 1 soil 
(fertility), 1 topog 
(ruggedness) 
B: 12 climate, 4 energy, 1 
topog, 1 soil 
C: 12 climate, 4 energy, 4 
topographic, 3 soil 
method of defining abiotic 
diversity (clustering, 
overlay, ED), thematic 
resolution, site size, 
variables used to define 
abiotic diversity, using 
biotic data to weight 
variables. 
Grantham et 
al. 2010 
terr., temp. upper NE 
New South 
Wales 
37,000 6712 forest stands; 
mean 2 km2 
6 24 0 
mammals, birds, 
reptiles, frogs, plants, 
all taxa 
2 climate, 1 soil 
(fertility), 1 
topographic (slope) 
study areas (2), test taxon, 
response variables (SAI 
variants, Correlation of 
Irreplaceability Scores) 
terr., temp. lower NE 
New South 
Wales 
45,000 7021 forest stands; 
mean 2 km2 
18 11 1 
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Hortal et al. 
2009 
terr., temp. WEurope 5,200,000 2289 grid cells; 
2500 km2 
0 0 2 
amphibians & reptiles  6 climate discrete versus continuous p median terr., temp. Iberian 
peninsula 
625,000 251 grid cells; 2500 
km2 
2 0 0 
Januchowski-
Hartley et al. 
2011 
freshwater, 
trop. Queensland 11,862 
7210 stream 
reaches; mean 1.6 
km 
0 12e 0 fishes 6 climate 
clustering algorithms (n = 3), 
number of clusters (2, 4, 6, 
or 8), effect of using biotic 
data to weight variables.  
Sarkar et al. 
2005 
terr., temp. Québec 324,000 3890 grid cells; 
83.3 km2 
2 0 2 at-risk plants and 
vertebrates 
4 climate, 3 topographic, 
1 soil 
number of surrogates (56, 
51, 42, or 32) 
terr., trop. Queensland 29,600 251 grid cells; 118 
km2 
4 0 0 plants number of surrogates (54, 
49, 40, or 30) 
Schloss et al. 
2011 terr., temp. 
Columbia 
Plateau of 
U.S. 
112,000 
1200 watersheds; 
mean 93 km2, SD 
36 km2 
1 0 0 vegetation types 2 topographic, 3 geologic, 4 climate -- 
Sutcliffe et 
al. in 
review 
mar., trop. Great Barrier 
Reef 
348,000 Grid cells; ~1 km2 7 7 2 840 species in 11 phyla 4 climate, 5 topographic, 
11 geology, substrate 
(including 7 related to 
water chemistry), 1 
energy 
effect of using biotic data to 
weight variables, effect of 
cost & connectivity 
constraints, type of biotic 
test data (SDM, inventory) 
Trakhtenbrot, 
& Kadmon 
2005 2006 
terr., temp. Israel 28,000 726 grid cells; 25 
km2 
52 10 0 native plants, range-
restricted plants 
4 climate, 13 geologic (% 
of each of 13 lithologic 
units) 
test feature (all plants, rare 
plants), clustering 
algorithm (n = 6), variable 
weighting scheme 
Van 
Wynsberge 
et al. 2012 f 
mar., trop. New 
Caledonia 
418 27 circles of 9 sizes 
(0.0009 to 25 
km2) 
61 52 70 fishes (raw species 
number, rarity-
weighted species 
number, evenness-
weighted diversity) 
7 geomorphologic 
classifications 
ways of measuring test 
feature (n = 3), size of 
selection unit, thematic 
resolution of abiotic bins, 
number of selection units 
(22 to 27) 
Williams et 
al. 2012 
terr., temp. 
& Arctic 
North 
America 
21,000,000 88 polygons 
varying from ~103 
to 106 km2 
0 2 0 pollen types A: 8 climate 
B: 2 geographic (latitude, 
longitude), 1 
topographic (mean 
elevation) 
independent variables 
(climate versus geography) 
a Correlation of irreplaceability scores was used in 12 tests by Grantham et al. (2010) & both tests by Williams et al. (2012); all other tests involved species accumulation index (SAI). 
b Abbreviations: terr., terrestrial; mar., marine; temp., temperate; trop., tropical.  
c Energy variables included potential evapotranspiration and insolation. Soil and substrate variables included geologic substrate, and soil and water chemistry. Plant productivity 
variables included normalized difference vegetation index and net primary productivity. 
d Abbreviations: ED, Environmental Diversity; SAI,Species Accumulation Index;SDM, species distribution models. 
eThis paper reported that no surrogate performed better than R95, but did not report R or R95, so we could not convert to an SAI-like index. We accepted the author’s interpretation of 
“not better than random.” 
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f The summary excludes surrogates that included biotic variables and excludes tests that evaluated how well surrogates represented functional groups. 
15 
Table 2. Results of tests of the ability of abiotic surrogates to represent species, summarized by 
broad taxonomic group. 
Taxon Test result Studiesa 
positive null negative 
Vertebrates & plants 
combined 
6 5 0 Grantham et al. 2010; Araujo et al. 
2001 
Bats 7 9 5 Ferrier & Watson 1997 
Birds 18 20 2 Ferrier & Watson 1997; Grantham et 
al. 2010, Bonn & Gaston 2005; Beier 
& Albuquerque 2015; Araujo et al. 
2001;  
Fish 81 64 70 Van Wynsberge et al. 2012, Dalleau et 
al. 2010b; Janochowski-Hartley et al. 
2011 
Reptiles and amphibiansc 16 29 3 Ferrier & Watson 1997; Grantham et 
al. 2010; Araujo et al. 2001; Hortal et 
al. 2009; Beier & Albuquerque 2015 
Invertebrates: ants 0 20 1 Ferrier & Watson 1997 
Invertebrates: beetles 6 13 2 Ferrier & Watson 1997 
Invertebrates: spiders 1 20 0 Ferrier & Watson 1997 
Mammals 6 5 2 Grantham et al. 2010, Araujo et al. 
2001; Beier & Albuquerque 2015 
Plants (fossil pollen) 0 2 0 Williams et al. 2012 
Plants (terrestrial) 91 72 3 Ferrier & Watson 1997, Trakhtenbrot 
& Kadmon 2006; Grantham et al. 
2010; Sarkar et al. 2005; Araujo et al. 
2001; Beier & Albuquerque 2015 
Plants: vegetation types 3 0 0 Bonn & Gaston (xxxx); Schloss et al. 
(xxxx) (no publication year?)
a Listed in order of number of surrogacy tests (largest to smallest). 
b Only study to  test abiotic surrogates for marine algae, marine invertebrates, and corals. In each 
case, all surrogacy test results (9-10 per taxon) were positive.  
c These pooled results include results for amphibians (1-1-0; Araujo et al. 2001, Beier & 
Albuquerque 2015), reptiles and amphibians combined (2-0-2; Hortal et al. 2009), frogs  (1-7-2; 
Grantham et al. 2010), and reptiles (2-21-9, Ferrier & Watson 1997, Grantham et al. 2010, Beier 
& Albuquerque 2015).  
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Table 3. Number of bins or clusters used to define abiotic surrogates in each study, and results of 
increasing the number of bins or clusters for those tests that varied the number of bins or 
clusters while holding other conditions constant.  
Citation Statistical  method 
Number of bins of 
clusters 
Results of surrogacy tests (positive-
null-negative) for studies that varied 
the number of bins or clusters* 
Bonn & Gaston 2005 clustering 117 -- 
Dalleau et al. 2010 overlay 6 bins 
15 bins 
23-0-0; mean SAI95 = 0.024
25-0-0; mean SAI95 = 0.078
Ferrier & Watson 
1997 
overlay & 
clustering 
20 clusters 
50 clusters 
81 overlay bins 
125 clusters 
20 clusters: 2-15-3   (10%)
50 clusters: 8-46-6 (13%)
81 overlay bins: 23-17-0 (58%)
125 clusters: 4-14-3 (19%)
Grantham et al. 2010 overlay 40 overlay bins --
Januchowski-Hartley 
et al. 2011 
3 clustering 
procedures 
2, 4, 6, or 8 all results null, but SAI increased with 
number of bins for most surrogates 
Sarkar et al. 2005 univariate bins Quebec: 32, 42, 
51, 56 
Queensland: 30, 
40, 49, 54 
mean SAI = 0.50 for 51 or 56 bins; 
mean SAI = - 0.79 for 32 or 42 bins 
no trend (but all SAI were 0.75 to 
0.80) 
Schloss et al. 2011 overlay 41 -- 
Sutcliffe et al. in 
review 
clustering 35 -- 
Trakhtenbrot, & 
Kadmon 2005 2006 
clustering 28 -- 
Van Wynsberge et al. 
2012  
overlay varied impossible to unbundle number of 
bins from the type of abiotic 
variables 
Williams et al. 2012 overlay number of bins not 
stated 
-- 
*Abbreviation: SAI, species accumulation index.
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Figure 1. An illustration of how the species accumulation index (SAI) is calculated. The SAI = 
(S-R)/(O-R), where S = area under the curve indicating the average percent of target species 
represented when selecting conservation areas based on surrogate data (dashed line, surrogate 1; 
dotted line, surrogate 2), R = area under a curve indicating the average percent of species 
represented when sites are selected randomly (lower solid gray line with gray band indicating 
95% CI), and O = area under the optimum curve indicating the largest number of species that can 
be represented in a given number of sites (upper solid line). SAI can also be calculated at a 
particular point, such as at 15% of total area in this illustration. For surrogate 1 (S1), SAI is 0.32 
for the full curve, 0.57 at 15% of total area, and SAI95 is 0.55. For surrogate 2, SAI is 0.07 for the 
full curve and for the point estimate at 15% of total area, and SAI95 is negative 0.08.  
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Beier et al. Improving the use and evaluation of abiotic surrogates in conservation 
planning: a review of selection-based surrogacy tests 
Introduction 
We considered conducting a formal meta-
analysis of studies, but were discouraged from 
doing so by the small number of independent 
studies (13) and the fact that we could 
calculate variance in SAI for only 3 studies. In 
a meta-analysis the effect size for each study 
is weighted by the inverse of its variance 
(Borenstein et al. 2009). Variance in SAI can 
be estimated in one of 2 ways. First, the 
investigator could apply the treatment 
(selection of sites using the surrogate) to 
multiple landscapes, just as a study of 
effectiveness of a medicine would give the 
medicine to multiple patients. Three studies 
did take this approach (Grantham et al. 2010, 
Hortal et al. 2009, Sarkar et al. 2005), but each 
had only 2 landscapes, and in two cases the 
landscapes were not independent (one of 
Hortal et al.’s landscapes was a subset of the 
other and Grantham et al.’s 2 landscapes were 
adjacent to each other), precluding an 
unbiased estimate of variance. Second, if the 
surrogate was applied using a stochastic 
algorithm such as Marxan or Zonation, the 
investigator could repeatedly apply the 
surrogate to the same landscape, estimate 
effectiveness of each trail, and calculate 
variance across trails.  None of the studies we 
reviewed took this approach.  
It is tempting but wrong to think that the 95% 
confidence band for the random curve 
(reported by several studies) provides a way to 
estimate variance of the surrogate. The 
variance among performance of sets of 
randomly selected sites is not the variance in 
the performance of sets of sites selected using 
the surrogate.  By analogy, one could give a 
medicine to one patient and compare that 
patient’s response to mean and variance of a 
large control (random) group; this reveals 
something about the probability the observed 
level of improvement in the one observed 
patient could have occurred by chance without 
the medicine, but it reveals nothing about the 
variability in patient response to the medicine. 
If the SAI is well above (or below) the 95% 
CI for the random curve, this finding would 
increase confidence that the surrogate 
performed well for that landscape, but it does 
not justify giving greater weight to that 
particular study in a meta-analysis. To do so 
would be tantamount to assuming that the CI 
of the random outcomes explains how the 
surrogate (or medicine) would perform for 
other landscapes (or patients). The random CI 
does not reflect the precision with which the 
effect size [surrogate effectiveness] has been 
estimated (Borenstein et al. 2009: p. 5).  
Instead it reflects the precision with which 
effectiveness of a random selection procedure 
has been estimated.  
Tallying the proportion of studies that 
reported significant p-values is sometimes 
treated as a type of meta-analysis. However 
such “vote-counting” conflates statistical and 
biological significance in a way that can lead 
to misleading conclusions, and has a strong 
systematic bias toward “no effect” conclusions 
(Borenstein et al. 2009).     
The objectives listed in the main paper 
included investigating how surrogate 
performance was affected by choice of abiotic 
variables, statistical procedures, thematic 
resolution of variables, and size of sites.  In 
addition we considered how surrogate 
performance was affected by the type of biotic 
information used to evaluate surrogates.  We 
expected the most optimistic results from 
evaluations using species distribution models 
because these models are prone to false 
presences, intermediate results for species 
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inventories, and the most pessimistic results 
from evaluations using occurrence records 
(e.g., museum records) because these data are 
prone to false absences. 
Methods 
In most surrogacy tests reporting SAI, 
incidental representation was the percentage 
of targets achieved, where achievement was a 
binary response (species represented or not). 
For studies in which the target was to 
represent a certain percentage of each species’ 
distribution or abundance in the surrogate-
based reserve, target achievement was 
expressed as the mean percentage of range or 
abundance captured in the sites. We rescaled 
these results to the interval 0 to 1 using (S-
R)/(O-R) and interpreted the rescaled results 
as SAI values. 
We modified the SAI thresholds for papers 
reporting two variants of SAI, namely SAIlog 
and SAI95. Our modifications followed the 
same rationale as Rodrigues and Brooks 
(2007) except that we used empirical data (not 
available to Rodrigues and Brooks) to modify 
the thresholds.  
Calculating the difference between SAI and 
SAIlog 
SAIlog, calculated as [log(S) – log(R)]/[log(O) 
– log(R)], (S, R, and O defined in Fig. 1) is
always more extreme (further from 0) than
SAI. We calculated this difference for every
test that provided values for S, R, and O.
These data consisted of 4 tests in Hortal et al.
(2009), 8 tests in Sarkar et al. (2005), 1 test in
Schloss et al. (2011), and 62 tests in
Trakhtenbrot and Kadmon (2005, 2006).
Across these 75 tests, the median difference
was 0.04 and the mean difference was 0.13.
Accordingly, we considered a surrogacy test
to have a positive result when SAIlog > 0.15, a
negative result when SAI < -0.15, and
otherwise a null result.
Calculating the difference between SAI and 
SAI95 
The other variant, SAI95 is calculated as (S – 
R95)/(O – R95), where R95 is the upper value 
of the 95% confidence interval of the random 
curve or point (Fig 1.) Hortal et al. (2009) 
presented 4 SAI95 values and presented the 
raw values of S, R, and O needed to calculate 
SAI for the same surrogacy tests. Van 
Wynsberge et al. (2012) reported the 
difference between the upper 95% confidence 
limit and the mean of 1000 random sets of 
sites for each of 6 scenarios. These data 
allowed us to calculate 10 mean differences 
between SAI and SA SAI95.   Across these 10 
tests, the mean and median difference was 
0.64 (range 0.53 to 0.78). Accordingly, for the 
58 tests for which only SAI95 could be 
calculated, we considered a surrogacy test to 
have a positive result when SAI95 > -0.20, a 
negative result when SAI95 < -0.40, and 
otherwise a null result. 
How surrogate performance was affected 
by the type of biotic information used to 
evaluate surrogates 
Most (7 of 13) studies used species inventories 
of particular taxa (Table 1) to evaluate 
incidental representation of sites selected to 
represent surrogates. Biotic inventories were 
typically collected on 1 (rarely 2) plot per site, 
and survey plots were typically < 1 ha.   
Five studies (Araujo et al. 2001, Hortal et al. 
2009, Sarkar et al 2005, Trakhtenbrot & 
Kadmon 2005, 2006, Williams et al. 2012) 
used species occurrences collated from 
museum records, checklists, and other non-
inventory data. Occurrence data are prone to 
false absences (Elith et al. 2006). Three 
studies used species distribution models for 
some species (Grantham et al. 2010, who used 
inventories for other species) or all species 
(Januchowski-Hartley et al. 2011, Sutcliffe et 
al. in review) in the focal taxon. These models 
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may be prone to false presences (Rodrigues & 
Brooks 2007). In the only direct comparison 
of 2 types of biotic data (Sutcliffe et al. in 
review), SDMs did not produce markedly 
more optimistic evaluations of surrogates than 
produced by inventory data.  
In a study with only 27 inventory plots, Van 
Wynsberge et al. (2012) found that the 
outcome of 90% of surrogacy tests changed 
significantly (including changes among null, 
positive, and negative inferences) with the 
removal of a single survey plot.    
Discussion 
How surrogate performance was affected 
by type of species data used to evaluate 
surrogates 
Rodrigues and Brooks (2007) argued that 
evaluation of incidental representation should 
use species inventories instead of species 
distribution models (SDMs) or occurrence 
records. They argued tests using SDMs are 
overly optimistic because modeled 
distributions are prone to errors of 
commission (false presences – Hurlbert & Jetz 
2007). However false presences increase all 3 
terms in SAI (calculated as (S-R)/O-R)), so 
the overall impact is not obvious. In the only 
side-by-side comparison of evaluations using 
SDMs versus inventories (Sutcliffe et al. in 
review), SDMs did not produce markedly 
more optimistic evaluations. Another issue is 
that SDMs are driven by some of the same 
variables used to define abiotic diversity, 
making the test somewhat circular. If SDMs 
are used, the SDMs should be built from data 
collected in the planning area.  
Species occurrence records may produce 
overly pessimistic estimates of incidental 
representation because of false absences, 
which can vary among cells for reasons 
unrelated to abiotic conditions, such as 
distance from a research station (Elith et al. 
2006).  
Species inventories avoid the potential 
circularity of SDMs, and are less prone to 
errors of omission than occurrence records. 
Errors of omission can be minimized by 
rigorous inventory effort and ensuring that the 
inventory plot is representative of the entire 
site.  
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